theoretically derived the properties of the genomic relationship matrix to estimate genetic 23 correlations between populations and validated it using simulations. When the scaling factor of 24 across-population genomic relationships is equal to the product of the square roots of the scaling 25 factors for within-population genomic relationships, the genetic correlation is estimated 26 unbiasedly even though estimated genetic variances do not necessarily refer to the current 27 population. When this property is not met, the correlation based on estimated variances should 28 be multiplied by a correction factor based on the scaling factors. In this study we present a 29 genomic relationship matrix which directly estimates current genetic variances as well as 30 genetic correlations between populations. 31 where p1j is the allele frequency at locus j in population 1 (Falconer and Mackay 1996) . Hence, 124 the variance of a1 is: 125
where Z1 is a n1 x nc matrix of centered genotypes for all individuals from population 1 (n1) for 127 all causal loci, and α1 is a vector of length nc with allele substitution effects at causal loci for 128 trait 1. 129
The genetic covariance between two traits is: 132
Therefore, the covariance between genetic values of population 1 and 2 is: 135
From Equation 3, 4 and 6, it follows that the genomic relationship matrix (G) is: 137 
Note that where y1 and y2 are vectors with phenotypes for population 1 and 2, x1 and x2 are incidence 210 vectors relating phenotypes to the mean in population 1 (μ1) or population 2 (μ2) , and residuals were assumed to be independent (~N 215 
In the second method, G_1, scaling factors were equal to 1: 229
The third method, G_Chen, calculated G according to Chen et al. (2013) : 231
The fourth method, G_Across, centered genotypes using the average allele frequency across 233 populations instead of population-specific allele frequencies (e.g., Makgahlela et al. 2013) . 234
Thus, the matrix of genotypes, denoted Z*, had elements 
Data availability 248
Supplemental material file S1 contains the R-script and seeds to simulate genotypes and 249 phenotypes and to calculate G matrices for the scenario with causal loci in LE. Supplemental 250 material file S2 contains the QMSim input file, R-script and seeds to simulate genotypes and 251 phenotypes and to calculate G matrices for the scenario with causal loci in LD. 252
RESULTS 253
Genetic variances: Estimated genetic variances using G_New varied only slightly around 254 the simulated values, both when causal loci were in LE or in LD (Figure 1 and 2 
15
As expected, G_New and G_Chen estimated the same genetic variances (Figure 3 and 4) . 272
The estimated variances of G_1 represent the variances of allele substitution effects across 273 causal loci, i.e., G_Across by the ratio in scaling factors, variances became identical to those with G_New and 279
G_Chen. The same applied for the estimated genetic variances with causal loci in LD, where 280 the factor was 1.15. So, the difference in estimated variances between methods to calculate G 281 was completely explained by the difference in scaling factors, while centering genotypes within 282 or across populations had no effect on estimated variances. Estimated residual variances were 283 exactly the same for the four G matrices. 
301
Genetic correlation: Despite differences in (co)variance estimates, G_New, G_1, and 302
G_Across yielded the same average estimated genetic correlation ( Figure 5 ) which was an 303 unbiased estimate of the simulated genetic correlation (Figure 6 and 7) . This is because 304 differences in genetic covariances among models were compensated by corresponding 305 differences in genetic variances. When causal loci were in LE, the estimated genetic correlation 306 using G_Chen was ~20% lower. When multiplying this estimate by Table 1 gives an overview of the most frequently used methods to calculate G using multiple 359 populations, with scaling factors and correction factors for the estimated genetic correlation. 360
G_New, G_1, G_Across, and the method described by Erbe et al. (2012) directly estimate the 361 correct genetic correlation. G_Chen does not directly estimate the genetic correlation, but the 362 estimate can be corrected using the scaling factors. Those five methods assume that allele 363 20 substitution effects are independent from allele frequency across loci, similar to method 1 of 364 VanRaden (2008) . This is in contrast to another regularly used method, namely method 2 of 365 VanRaden (2008), also described by Yang (2010) . This method yields a valid definition of 366 relationships between individuals only when the average effect at a locus is proportional to the 367 reciprocal of the square root of expected heterozygosity at that locus (Appendix, Equation A8 ). 368
So, this method assumes that across loci, allele substitution effects are fully dependent on their 369 allele frequency, with larger effects for rarer alleles. For traits determined by relatively few 370 genes and undergoing directional selection, this assumption may be plausible, since selection 371 acts stronger on causal loci with larger effects (Haldane 1924; Wright 1931 Wright , 1937 . It is, 372 however, a very strong assumption in general. Many traits may experience only weak selection, 373
and/or are determined by many genes. In those cases, allele frequency distribution is determined 374 mainly by the interplay of mutation and drift, and a direct relationship between effect size and 375 allele frequency is not expected. Therefore, the assumption that across loci allele substitution 376 effects and allele frequency are independent seems more realistic for most traits. Moreover, 377 when across loci allele substitution effects depend on allele frequency, effects for exactly the 378 same trait would differ between populations when allele frequencies differ. This makes the 379 interpretation of estimated genetic correlations between populations using method 2 of 380
VanRaden (2008) 
